Objectives: This study aimed to identify patients with the highest risk of periodontal disease (PD), and to provide recommendations for the effective use and application of data mining (DM) techniques when establishing evidence-based dental-care policies for vulnerable groups at a high risk of PD. Methods: This study used the SEMMA (Sample, Explore, Modify, Model, and Assess) methodology to construct DM models based on data acquired from the fifth and sixth Korea National Health and Nutrition Examination Surveys (2000)(2001)(2002)(2003)(2004)(2005)(2006)(2007)(2008)(2009)(2010)(2011)(2012)(2013)(2014)(2015). We analyzed the sociodemographic and comorbidity variables that influence PD by applying the popular DM techniques of decision-tree, neuralnetwork, and regression models, and also attempted to improve the predictive power and reliability by comparing the results obtained by these three models. Results: Our comparisons of the three DM algorithms confirmed that the average squared error, misclassification rate, receiver operating characteristic index, Gini coefficient, and Kolmogorov-Smirnov test results were the most appropriate for the decision-tree model. The analysis of the decision-tree model revealed that age and smoking status exert major effects on the risk of PD, and that stress and education level exert effects in rural areas, whereas education level, sex, hyperlipidemia, and alcohol intake exert effects in urban areas. Conclusions: We demonstrated that the decision-tree model is an effective DM technique for identifying the complex risk factors for PD. These results are expected to be helpful in improving the equality and efficacy of dental-care policies for vulnerable groups at a high risk of PD.
Introduction
Periodontal disease (PD) is an inflammatory disease with a prevalence exceeding 50 percent worldwide and is typically reported to be more common in the elderly and in males (1) . PD was recently classified as a chronic noncommunicable disease that accounts for two-thirds of deaths worldwide, and is reported to be closely related to various sociodemographic factors and comorbid diseases including smoking, obesity, poor nutrition, alcohol intake, physical inactivity, cardiovascular disease, premature birth, pneumonia, diabetes mellitus, erectile dysfunction, and systemic cancer (2-6).
Advancements in information technology since the 1990s have facilitated the rapid collection and accumulation of medical and dental data, while various methodologies have been explored to efficiently analyze very large health-care data sets, among which data mining (DM) is one of the most useful. DM techniques involve using pattern recognition, statistical techniques, and mathematical algorithms to identify significant correlations, patterns, and trends. DM is actively applied in various medical and dental fields, including for clinical and basic diagnosis and treatment approaches, bioinformatics, and medical quality control (7) .
Recent studies using DM techniques have discovered significant trends in large-scale data related to dental care, which can help to determine priorities for dental policymaking, provide data for evidence-based diagnosis, and improve the quality and efficacy of dental care (8, 9) . Identifying the main risk factors or indicators that cause or exacerbate PD using DM techniques is very important not only for the accurate diagnosis of PD but also for its prevention and treatment (10) .
This study applied DM analysis to identify the main risk factors for PD using data from the fifth and sixth Korea National Health and Nutrition Examination Surveys (KNHANES V and VI), which were collected by the Korea Center for Disease Control and Prevention (KCDC) and released in 2017. We compared the results obtained using the popular DM techniques of decisiontree, neural-network, and regression models to improve predictive power and reliability and to provide recommendations for the effective use and application of DM techniques when establishing evidence-based dental-care policies for patients at a high risk of PD.
Methods

Study design and data collection
This study was based on survey data acquired from KNHANES V and VI, which was conducted periodically by the KCDC from 2000 to 2015. The included survey data covered 7,680 households (45,553 participants) that were selected by stratified sampling according to sex, age, residence area, and education level. This survey included three principal components: a health interview (household survey, health interview survey, and health behavior survey), a nutrition survey, and a health examination (anthropometry, blood pressure and pulse measurements, blood and urine tests, oral examination, pulmonary function test, and vision and hearing tests). The data were anonymized to protect the identity of those interviewed and examined.
This study conformed to the STROBE (Strengthening the Reporting of Observational Studies in Epidemiology) guidelines for reporting observational cohort studies (www.strobestatement.org). All participants provided written informed consent, and the protocols for KNHANES were approved by the Institutional Review Board of the KCDC (approval nos. 2010-02CON-21-C, 2011-02CON-06-C, 2012-01EXP-01-2C, 2013-07CON-03-4C, and 2013-12EXP-03-5C). In addition, KNHANES VI (2015) was carried out without consideration by the Institutional Review Board in accordance with government legislation for public welfare under the Bioethics Act (Act No. 2-1).
Assessment of periodontal disease
The periodontal health of all of the participants from 2010 to 2015 was evaluated by trained and calibrated public health dentists using the standardized and widely accepted Community Periodontal Index (CPI) probe with a 0.5-mm ball tip. The World Health Organization CPI was used to assess PD, with a CPI of ≥3 defined as indicating PD (11) . A CPI of 3 indicated that at least one site had a probing pocket larger than 3.5 mm in the index teeth, which are #11, #16, #17, #26, #27, #31, #36, #37, #46, and #47 according to the Universal Numbering System adopted by the American Dental Association. If no index tooth was present in a qualifying sextant, the adjacent remaining tooth in that sextant was examined and the highest score was recorded for that sextant.
Sociodemographic and comorbid variables
The following potential confounding sociodemographic factors for PD were collected and assessed from the KNHANES database:
• Sex (two groups).
• Age (eight groups: those aged 20-89 years in 10-year intervals, and those aged ≥90 years).
• Household income (four quartiles).
• smoker], <20 cigarettes/day, and ≥20 cigarettes/day).
• Alcohol intake (six groups: none, 1-2 times/month, [3] [4] times/month, 1-3 times/week, 4-6 times/week, and every day).
• Stress (four groups: not stressed, slight stress, moderate stress, and severe stress).
• Strength training exercise (three groups: never, 1-3 times/week, and 4-6 times/week).
• Muscle training exercise (three groups: never, 1-3 times/ week, and 4-6 times/week).
All of the included participants received structured health questionnaires targeting the following comorbid diseases that have been suggested as risk factors associated with PD in previous studies: rheumatoid arthritis, degenerative arthritis, osteoporosis, stroke, angina pectoris, cardiac infarction, diabetes mellitus, hyperlipidemia, hypertension, depressive disorder, and cancer (2,3,5).
Data mining and statistical analysis
Analyses were performed using the Statistical Analysis System (SAS) Enterprise Miner (version 14.1, SAS Institute, Cary, NC, USA) and SAS (version 9.4, SAS Institute). Differences in categorical data consisting of sociodemographic and comorbid variables (sex, age, household income, residence area, marital status, occupation, education level, smoking status, alcohol intake, stress, strength training exercise, muscle training exercise, rheumatoid arthritis, degenerative arthritis, stroke, angina pectoris, cardiac infarction, diabetes mellitus, hyperlipidemia, hypertension, and depressive disorder) were assessed for statistical significance using the chi-square test, with a P value of <0.05 considered significant. This study used the SEMMA (Sample, Explore, Modify, Model, and Assess) methodology to construct DM models. We analyzed the sociodemographic and comorbid variables that influence PD by applying the popular DM techniques of decision-tree, neural-network, and regression models, and also attempted to improve the predictive power and reliability of the results by comparing those obtained when using these three models.
The data were divided into 40 percent training samples, 30 percent validation samples, and 30 percent test samples. Training samples were used directly to analyze the data and construct a model, and validation samples were used to evaluate the suitability of the model with the data used indirectly to monitor and improve the performance of the model. Any missing values were replaced with the mode when estimating the neural-network and regression models, while the decision-tree model was used without replacing the missing values ( Figure 1 ).
Results
Baseline characteristics of periodontal disease patients
Among the 34,950 South Korean subjects who were originally included, 16,666 (47.7 percent) patients with PD were recruited, comprising 7,898 males (47.4 percent) and 8,768 females (52.6 percent). Those aged 50-69 years (n = 7,145) accounted for 42.9 percent of the surveyed subjects, while 4,530 (27.2 percent) were had household incomes in the second quartile, 12,555 (75.3 percent) lived in urban areas, 15,300 (91.8 percent) were married, 7,666 (46.0 percent) were not employed, 5,912 (35.5 percent) attended high school, 9,490 (56.9 percent) were nonsmokers, 6,118 (36.7 percent) consumed alcohol once or twice a month, 8,906 (53.4 percent) experienced stress, 8,819 (52.9 percent) did not perform strength training, and 12,928 (77.6 percent) did not perform muscle training. Among the patients with PD, 332 (3.0 percent) had rheumatoid arthritis, 2,237 (13.4 percent) had degenerative arthritis, 453 (2.7 percent) had experienced a stroke, 393 (2.4 percent) had angina pectoris, 182 (1.1 percent) had experienced a cardiac infarction, 1,831 (11.0 percent) had diabetes mellitus, 2,185 (13.1 percent) had hyperlipidemia, 4,542 (27.3 percent) had hypertension, and 675 (4.1 percent) had a depressive disorder (Table 1) .
Comparative analysis of predictive models
In order to improve the predictive power and reliability of the decision-tree, neural-network, and regression models, crossvalidity evaluations were performed between the training and validation samples. The results of comparing the goodness-offit statistics for comparisons of the three DM algorithms confirmed that the estimation results of each model were stable, since there were only minor differences between the estimation results of each model, as indicated in Table 2 . The misclassification rate, average squared error, receiver operating characteristics (ROC) index, Gini coefficient, and results from the Kolmogorov-Smirnov test were best for the decision-tree model. It can therefore be concluded that the decision-tree model provided the best fit when considering all of the statistics used to evaluate model suitability. Figure 2 shows the ROC curves for the decision-tree, neural-network, and regression models, which illustrate the fitness of each model. The diagonal line on an ROC curve indicates a model with no predictive power, while a better model will be characterized by an ROC curve that is further above the diagonal line. The ROC curve for the decision-tree model (accuracy value: 85.7 percent) was located above the ROC curves of the neural-network (accuracy value: 74.3 percent) and regression models (accuracy value: 73.9 percent), which confirms that the decision-tree model was the most appropriate model.
Results from decision-tree analysis
The decision-tree model used the chi-square automatic interaction detection algorithm, with the classification rule set to be used once only. The maximum number of nodes was limited to 2, the maximum depth was 8, and the minimum size of each node was set to 50. The examination of the relative importance of factors affecting PD revealed that age was the most important risk factor for PD (with a relative importance of 1.0000), followed by smoking status (0.3887), residence area (0.2663), education level (0.2130), sex (0.1554), stress (0.1338), alcohol intake (0.1253), and hyperlipidemia (0.1222). Other sociodemographic and comorbid variables were found to have little effect (Table 3) .
The effects of PD in the decision-tree model are shown in Figure 3 . Shading of the nodes in a lighter blue indicates a higher probability of having PD; 47.7 percent were diagnosed PD at the top root node for which no influencing variable factors were assigned. We found that age was the most important risk factor in the diagnosis of PD. The probability of having PD was 57.6 percent among those aged at least 46.5 years, and 33.6 percent among younger subjects. The next most important risk factor was smoking status, with heavy smoking (≥20 cigarettes/day) increasing the probability of having PD to 52.9 percent. A PD diagnosis was more likely when living in a rural area (61.9 percent) than an urban area, when experiencing severe stress (69.4 percent), and being educated to less than elementary-school level (71.4 percent). Residents of urban areas were also more likely to have PD if they had received less than an elementary-school education (55.3 percent). In addition, a PD diagnosis was likely in the presence of hyperlipidemia (58.0 percent) and when consuming alcohol every day (52.8 percent) (Figure 3) .
Discussion
PD has a multifactorial etiology that includes genetic, immunological, hormonal, microorganism, and possibly also environmental factors (12) . This situation makes it very difficult to explain the development or severity of PD using only a few risk factors. This study analyzed the factors influencing PD and the high-risk groups of PD using decision-tree, neural-network, and regression models. These analyses indicated that a decision-tree model was more informative than the neural-network and regression models. We were able to determine a risk group based on consideration of all the possible interactions between sociodemographic and comorbid variables through the analysis of the interaction effects in a decision-tree model.
Many previous studies have found that the prevalence and severity of PD increase with age and smoking (13, 14) . Our DM using a decision-tree model confirmed that the risk of PD was higher among those aged at least 46.5 years and heavy smokers (≥20 cigarettes/day) than among nonsmokers and light smokers (<20 cigarettes/day). This is consistent with research showing that the prevalence of PD is higher among more elderly patients due to rural areas becoming characterized by a superaged population faster than urban areas (15) . This study found that a lower level of education (up to elementary school) and severe stress were significant risk factors for PD in rural areas. Many previous studies have also found that the risk of PD is inversely correlated with the level of education, and that stress and psychological factors such as depression, anxiety, and emotional and work stress are potential risk indicators or risk factors for PD (16) (17) (18) . Excessive stress not only exerts an indirect negative effect when combined with smoking and alcohol intake, but also reportedly leads directly to physiological changes in the periodontium (19) . Genco et al. (20) controlled for sociodemographic and comorbid variables, and * P values in the chi-square test (two-tailed and independent samples) for categorical variables; boldface denotes statistical significance (P < 0.05). † Classified using a cutoff of 40,000 residents. ‡ Including former smokers. found that the severity of stress has a mutually causative relationship with the severity of PD. Several studies have demonstrated that stress leads to aggravation and abnormal responses of the immune system in the periodontium, with stress in particular acting as a secondary pathogenic factor in necrotizing PD (21, 22) . The risk of PD was higher among those residing in urban areas with the lowest education level (up to elementary school), who had hyperlipidemia, and who consumed alcohol every day. A hyperlipidemia status is associated with increases in proinflammatory mediators such as interleukin (IL)-1β, IL-6, tumor necrosis factor-α, C-reactive protein, and matrix metalloproteinase (23) . The release of these proinflammatory cytokines into the oral cavity causes the destruction and loss of the periodontal supporting structure (23) . Major periodontal pathogens (particularly Porphyromonas gingivalis) in adults with PD may also bidirectionally produce endotoxins in the form of lipopolysaccharides and increase the serum levels of low-density lipoprotein and triglycerides (24) . Several previous studies have found significant positive associations between PD and alcohol consumption, with long-term excessive alcohol consumption exerting negative effects on bone metabolism and possibly leading to progressive bone resorption and loss (25, 26) . In addition, Pitiphat et al. (27) found that the severity of PD increases with the alcohol intake habit in a large-scale cohort study.
Because the decision-tree model used in this study was expressed as induction rules in a tree structure, the sociodemographic and comorbid variables affecting PD could be easily recognized by tracing the visual model from the root node to the terminal nodes (28) . This tree structure also makes it easy to identify risk indicators and risk factors that are the most important for explaining PD, as well as the effects of two or more risk factors in combination. Ordinal and continuous variables only affect the analysis of rank in a decision-tree model, which makes it robust to outliers. Therefore, when studying the large-scale questionnaires and examination data provided by the National Health Insurance Service and Health Insurance Review and Assessment Service, in addition using parametric models such as in regression or logistic discrimination analyses, it can be effective to examine a nonparametric model such as a decision-tree model since this does not require any assumptions about linearity, normality, or homogeneity of variance (29) . Conversely, because a decision-tree model treats continuous variables as discrete variables and relies solely upon training data, there is a high risk of prediction errors near to splitting thresholds and also instability when predicting new data. These situations occur more frequently when the training data set is too small or when the decision tree has too many branches (30) . Moreover, it is not possible to obtain useful results (e.g., odds ratios or regression coefficients) for many cohorts and epidemiological studies. In order to resolve these shortcomings of decision-tree models, some researchers have recently been investigating methods to combine decision-tree models with parametric models such as neural networks without losing the strengths of the decision-tree model (31) .
If PD is not prevented and treated properly, it is likely to become an even greater social and economic burden in superaged populations in the future. A decision-tree model combined with DM techniques allowed us to effectively classify high-risk subjects who are likely to experience PD in South Korea. Using decision-tree model analysis appropriately alongside neural-network and regression models should make it possible to improve the equality and efficacy of dental care for vulnerable groups at a high risk of PD, and to minimize social and economic issues associated with the cost of dental care.
We have used the KNHANES database to demonstrate that a decision-tree model is an effective DM technique for identifying the complex risk factors for PD. The analysis of the decision-tree model revealed that age and smoking exert major effects on the risk of PD, and that stress and education level exert effects in rural areas, while education level, sex, hyperlipidemia, and alcohol intake exert effects in urban areas. These results are expected to be helpful in improving the equality and efficacy of dental care when establishing health-care policies for vulnerable groups at a high risk of PD.
